We characterize the transcriptional splicing landscape of a prostate cancer cell line treated with a previously identified synergistic drug combination. We use a combination of third generation long-read RNA sequencing technology and short-read RNAseq to create a high-fidelity map of expressed isoforms and fusions to quantify splicing events triggered by treatment. We find strong evidence for drug-induced, coherent splicing changes which disrupt the function of oncogenic proteins, and detect novel transcripts arising from previously unreported fusion events.
Introduction

Background
Prostate cancer is the second-most common cancer and has the third leading cancer mortality among men in the USA.
[1] Major clinical interventions for prostate cancer include surgical procedure, radiation, androgen depletion treatment (ADT) and chemotherapy. As with other cancers, prognosis of prostate cancer varies largely depending on its molecular characteristics [2] .
A number of large-scale collaborative efforts and crowd-sourcing initiatives have recently been used to profile genomic data on cancer systems perturbed by thousands of compounds to infer agents with curing potential. The Library of Integrated Network-Based Cellular Signatures (LINCS) Program, for example, provides a rich public source of gene expression data collected from cell lines with exposure to various compounds. These data allows researchers to gain mechanistic insight into the biological processes that are altered by different drugs in a given cellular context (cell line) [http://www.lincsproject.org/]. On the analytical side, the NCI-DREAM Drug Sensitivity Prediction Challenge, run in 2012, encouraged the development of algorithms to predict the sensitivity of cancer cell lines to a panel of drugs based on multi-omics data, including gene expression, copy number variation, mutation and proteomics data [3] . The AstraZeneca-Sanger Drug Combination Prediction DREAM Challenge, launched in 2015, is a similar international competition seeking for algorithms that accurately predict synergistic combination treatment based on gene expression data and multiple cancer cell lines [4] . Despite the importance of these and other efforts in probing the drug treated omics expression landscape, splicing modulation in treatment has remained largely unexplored.
Alternative splicing (AS) events are key generators of proteomic diversity. Yet the functional impact of alternative splicing is only now beginning to be systematically quantified, thanks, in part, to new technological advances that overcome the difficulties related to the read length of sequencing assays to detect isoforms. Indeed, the short-read length of second generation sequencing technology (usually 50bp or 100bp) directly leads to the key difficulty of unambiguously phasing isoforms and mapping highly repetitive sequence. Third generation sequencing platforms such as PacBio and Oxford Nanopore utilize long read sequences to help address this issue. Isoform sequencing (IsoSeq) is a recently developed PacBio assay which can directly sequence full-length transcript sequences. With the help of IsoSeq, an astonishing diversity of splicing events in various systems has started to emerge even in well-studied cancer cell-line systems such as MCF7 [5] . A number of other analyses in other cellular contexts have also utilized the IsoSeq assay [6] [7] [8] [9] [10] [11] . Given that alternative splicing is known to be tissue and condition dependent, we hypothesized that drug administration should also alter the splicing landscape of cells as part of multifaceted cellular response to stimuli which cannot be completely captured using standard RNAseq analysis. 
Experimental design
We used LNCap prostate cell lines as our cancer model. After treatment with a previously identified synergistic combination treatment of Tamoxifen and Mefloquine(TM) [4, 12] , we measured the LNCap cell viability as a function of time relative to treatment with DMSO and found that cell viability decreases to ~30% at times as early as 6h. As shown in Figure 1 , we generated three biological replicates from a baseline condition with LNCap cells cultured in DMSO at 0hr; and a treated condition where cells were cultured with Tamoxifen and Mefloquine at 6hrs. We collected polyA enriched RNA from these six samples and performed short read RNAseq experiments. We also randomly selected one of the replicates from each condition to perform long read PacBio isoform sequencing (IsoSeq) (Figure1). To avoid loading bias against short transcripts, we performed size-selection for multiple bins (0-1kb, 1-2kb, 2-3kb and >3kb) using SageELF device for both samples. Purified SMRTbell libraries were sequenced on the PacBio RSII machine using P6-C4 chemistry with 8 SMRT cells.
Results
Bioinformatics pipeline for IsoSeq
We wrapped up a pipeline for IsoSeq analysis ( Figure S1 ). In brief, by searching for sequencing adapters, reads of insert were classified as Circular Consensus Sequences (CCS) and non-CCS, and further classified as full length or not through searching of 5' and 3' primers and polyA signals. Next, we performed isoform-level-clustering (ICE) and Quiver polish on non-artifacts full length (FL) reads to improve error corrected consensus accuracy via SMRT Portal, yielding 30669 and 31095 FL consensus isoforms for baseline and treated conditions respectively, with expected accuracy greater than 0.99. All high quality FL transcripts were aligned to the hg19 genome using GMAP [13] with default parameters and collapsed to remove redundant sequences via the pbtranscript-TOFU package [https://github.com/PacificBiosciences/cDNA_primer/wiki] with minimum alignment accuracy of 0.99 and minimum coverage of 0.85. Transcripts sharing the exact same exons except those with an extended 5' end were collapsed into a single transcript.
The unique transcripts were then aligned back using STAR [14] and compared with the gencode.v19 database [15] by MatchAnno [https://github.com/TomSkelly/MatchAnnot]. Junction modes were predicted for each transcript using Astalavista [16] through classifying splice sites of alternative splicing external(ASE), alternative splicing internal (ASI), splice sites that extend transcript structures(DSP) and any other differences in transcript structures not involving splice sites(VST). From there we computed open reading frames (ORFs) with at least 100 amino acids from all high quality FL unique transcripts and screened for homology to known proteins by Pacific Symposium on Biocomputing 2018 aligning to UniProtKB/Swiss-Prot protein database (BLASTP, e-value<1e-5) and applying hmmer (3.1b1) [17] 
Isoform complexity in LNCap
We detected 29779 and 28690 unique full-length (FL) isoforms from IsoSeq data of un-treated and treated LNCap cell line respectively (see methods), as shown in Table 1 . Transcripts mapped to unknown gene locus or not aligned to the reference genome are marked as others and not included in the following comparison. For comparison, following the same procedure in the publicly available high quality deep sequenced (with 119 SMRT Cells) MCF7 IsoSeq data (2013 version) we detected 40447 unique FL isoforms. For all three datasets, the majority of the detected isoforms are novel: 60%, 65% and 71% for un-treated LNCap, treated LNCap and MCF7 respectively. We characterized the novel isoforms into three categories: 1) Novel isoforms with exons matching to exons one-for-one, but sizes of the internal exons may disagree; 2) Novel isoforms with only some of the exons matching annotated exons, and 3) Novel isoform overlap with annotated genes, but no exon matches annotation. The majority of detected novel isoforms fall into category (1) and (2) , as shown in Table1. These "partially novel" isoforms are likely due to undocumented splicing patterns in current annotations, while only a small proportion of FL isoforms are completely novel (7%~15%).
These results imply that there is non-trivial information in the fine splitting of the short-read expression spectrum (over our long-read scaffold) across some genomic loci into distinct transcripts. In fact, the entropy ! at a given gene locus i for a given sample is computed as the empirical Shannon entropy of the normalized, variance stabilized expression frequencies across all informative transcripts !" at that locus, namely the average log
such that ( !" ) is the probability (normalized frequency) of j-th informative transcript T to appear at genomic locus i. The frequency bins are estimated using Sturge's rule [18] . A transcript is defined as informative if it is on average well expressed after being penalized by fitting a
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global mean variance trend [19] of the short-read expression dataset. Indeed, this penalty is proportional to the inverse variance of the transcript expression, which increases as expression decreases due to amplification noise. We thus demand that !" in equation (1) only includes transcripts that satisfy
such that !" is the variance stabilized expression values, is a quality factor proportional to the inverse count variance, and µ is mean of the distribution of !" at each locus i. Note that genomic loci with zero or only one informative transcript are naturally assigned an entropy of zero and !" tends to zero with low expression much faster than !" . Length-bias and sample variations are treated by dividing each ! by the number of transcripts at the ith locus and then taking their median across all samples, i.e. Figure 2A depicts the distribution of ! and its dependence on overall expression, from which it is clear that fine-splitting entropy per transcript is not a trivial artifact dominated by noisy, lowly expressed transcripts in outlier samples. It is also clear that while many genomic loci are well approximated by collapsing all transcripts to a single genic locus --and thus have few informative distinct transcripts which corresponds to a low entropy (the 'zero mode') --many others do not and likely imply nontrivial biological regulation.
To better characterize detected IsoSeq isoforms, we surveyed their coding potential. Through scanning of ORFs (>100 aa) in protein databases, protein homologies were then leveraged to maximize coding regions prediction sensitivity. We found 73.2% and 74.1% of detected isoforms were predicted to have coding potential which strongly suggests functional consequences of splicing events in the system. Taken together, novel splicing events leading to isoforms with coding potential are observed in LNCap cell lines with comparable statistics in external MCF7
IsoSeq data. [20] . A full list of condition specific domain annotation is shown in Table S1 . We also observed a similar pattern through a different protein family prediction algorithm as shown in Figure S3 . 
Treatment induced nontrivial splicing signals in LNCap cell line.
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D" We also find that the relative prevalence of key splicing modalities (exon skipping, intron retention, alt donor/receptor, etc.) among the detected isoforms shows no significant bias ( Figure   S2 ) although we do note that generally the baseline level of intron retention exceeds that found in the reference annotation [23] . We further summarize intron-retention events for known and novel isoforms (Table S2 ), partial novel isoforms has similar distribution as the known ones while novel isoforms with novel exons appear to be much fewer. Despite this lack of specificity of splicing modality, we conclude that treatment related isoforms are gaining and losing key functional protein domains previously identified to be important for cancer progression [21, 22, 24, 25] .
Quantification and validation of IsoSeq FL isoforms using short read data
Although long read technology creates an integrated transcriptome scaffold, it is suboptimal for expression quantification essentially due to a relatively sparse and non-uniform coverage profile.
Following previous work [5, 6] , we used short read replicates to quantify IsoSeq isoforms ( Figure   1 ). In brief, we generate an assembled GTF file summarizing all IsoSeq FL transcripts and their genomic information (hg19) and assign short reads from the 6 RNAseq samples to its features.
Replicates per condition were grouped together to improve abundance estimates for isoform differential expression analysis between treatments and untreated. We detected 38 highly expressed isoforms up-regulated and 3 isoforms down-regulated in the treatment group relative to DMSO. The parent genes of these isoforms are known to be involved in cancer related pathways, such as JUN, DDIT4, CDKN1B and transcription factor ATF3. We also found a splice variant of a cell differentiation regulating long non-coding RNA: DANCR being down-regulated in treatment (Figure 2 .C). We selected 3 differentially and well expressed isoforms (fpkm>100) for further experimental validation. The genes and variants of interest were first amplified by PCR and product sizes were estimated by agarose gel electrophoresis followed by Sanger sequencing to confirm correct amplification. The MT1G mRNA had two variants; NM_005950 and NM_001301267. The latter variant uses an alternate in-frame splice site in the 5' coding region and has a 3bp insert that introduces a PstI restriction site. A restriction digest revealed that most of the PCR product is digested by PstI indicating that NM_001301267 is the most prominent transcript (Figure 2 .D), which was further confirmed by Sanger sequencing. Of the two tested 
Fusion landscape revealed in treatment
Gene fusions have been found to play a major role in prostate tumorigenesis. We leveraged the long read lengths of the IsoSeq assay to create a detailed map to track the expression of fusion transcripts. Using HQ consensus reads we infer a set of fusion transcripts and further filter these candidates with stringent threshold of short read support (see Method), we detected 94 fusions (83 inter-chromosomal and 11 intra-chromosomal) and 60 fusions (55 inter-chromosomal and 5 intra-chromosomal) in treated and untreated, respectively ( Figure S5 ). The number of fusion candidates found in treated condition more than in untreated with very few in common, suggest treatment may reveal the altered genome structure. We collected a list of 14 known LNCap fusions from literature [26] [27] [28] (Table S4) , and found 6 of them present in DMSO and 2 present in treated, in the set of IsoSeq fusion transcripts candidates. We also compare the long read detected fusions with short read fusion calls inferred from chimeric junctions. To our surprise, short read detects only 5 fusion candidates in untreated and only 3 fusions in treated. All short read called fusions in untreated cells are found in IsoSeq fusion transcripts before being filtered by short read support. Since any short read fusion caller must effectively exclude low-complexity regions in the genome to constrain false positives [https://github.com/LosicLab/starchip] this dramatically reduces our power in exploring full set of fusions since over 49% of human genome is composed of repetitive sequences [29, 30] . We find that our final set of well supported IsoSeq fusions preferentially originates from repeat enriched region (76 out of 94, 52 out of 60 coming from repetitive region for TM and DMSO respectively, p < .01) further reinforcing a key advantage of long read technology to complement current short read technology.
Discussion
The role of alternative splicing in the transcriptomic landscape in general and more so as a posttreatment cellular response is just starting to be explored. Our understanding of the splicing complexity is benefitting from the advances in long-read technology, which is allowing for the identification of highly homologous isoforms routinely and with high fidelity. Our results strongly suggest that there is ample biological and clinical relevance for transcript sensitive modulation in prostate cancer treatment and, we speculate, in many other disease systems in cancer and beyond.
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To our knowledge, our work is the first effort to characterize the significance of treatmentinduced alternative splicing in a cancer model using a de-novo assembled isoform reference via long read sequencing. Our results suggest treatments induce a large number of varied alternative splicing events that alter known oncogenic proteins. Crucially, although overall gene expression is higher in TM compared to DMSO, our functional analysis shows that the splice variants in fact lead to fewer functional protein products in treatment. Indeed, we observed more intron-retention in untreated cells and that treated cells preferentially splice in/out oncogenic domains. For example, we find that ER stress marker JUN is down-regulated in treatment (log2 fold change = -3.5; FDR < 4e-8), however we also find that treatment specifically activates certain domains within JUN such as leucine zipper domain. This key domain facilitates DNA binding and participation in dimerization [21, 22] , and we suspect forms a central element in cellular response to the treatment. Finally, our fusion analysis uncovers a number of novel fusion candidates, including treatment specific examples, which are currently undergoing validation. We hope to generalize this method to more cell lines/treatments to investigate if the observed splicing signal observed is a global mechanism for anti-cancer treatment and shed light on drug resistance study.
In summary, it seems plausible that an entirely new layer of transcriptomic regulation in cancerdrug interactions is finally becoming amenable to systematic study and enabling novel pathway and target discovery.
Methods
Materials
Our LNCap cell line is from clone FGC (ATCC CRL-1740). The cells were plated at a density of 8,000 cells per well in a 96well plate (Greiner Cat. No. 655083) and placed in an incubator. After 24 hours, the plates were removed from the incubator and treated with drugs using the HP D300 Digital Dispenser. The cells were then collected at the targeted time point (0hr for control; 6hrs
for after TM combination treatment) by removing the media and pipetting 150uL of Qiagen Buffer RLT into each well. The plates were then frozen and stored at -80C. (RS-122-2101/RS-122-2102) was then used to prepare the samples for 30 million reads of single end sequencing (100bp) with the Illumina HiSeq2500.
RNA Preparation and Illumina RNA sequencing
Quantitative PCR validation
We used 15ng of poly(A)+ RNA for cDNA synthesis with the SuperScript IV first strand synthesis system (Thermo Fisher Scientific) and random hexamers as primers. Quantitative PCR was performed using the ABI Prism 7900HT with Bio-rad iQ SYBR Green Mastermix. The primers used for these studies are designed using primer3 and listed in table S3.
Short read data analysis
Raw reads from Illumina sequencing were aligned to a hg19 genome with features from GTF file (hg19) downloaded from UCSC genome browser using STAR [14] 
Short read integration for isoform quantification
Raw reads from Illumina sequencing were aligned to a hg19 genome but with a scaffold generated from both IsoSeq samples using STAR (2.5.2b) [14] with parameters described in table S5. IsoSeq isoforms were quantified using Cufflinks (2.2.1) [31] . Aligned short reads of each sample are assigned to features of IsoSeq scaffold to estimate transcript abundance. Cuffdiff [31] were called to compare expression between treated and untreated condition with default parameters, three replicates are fed to Cuffdiff to increase statistical power.
Fusion transcript detection from IsoSeq
Search criteria for fusion transcripts included mapping to at least two distinct genomic loci and each mapped locus has to cover >10% of the transcript, with all mapped loci combined covering >99% of the entire transcript. The mapped loci must be at least 100kbp apart from each other. We further filter the fusion transcripts based on short read support. For each candidate transcript, we aligned short reads against it using bwa mem (0.7.15) [32] and require >90% of the transcript to have at least 40 read supports at each base position for all three replicate samples since the number of fusions start to saturate from 40 read support as shown in Figure S4 .
Functional annotation of IsoSeq transcripts
InterProScan(5.15-54.0) [33] was used to infer isoform functions. These includes two steps: 1)
Screening for protein domains/ functional motifs through PRINT [34] and SMART [35] with default setting for all unique FL isoforms. 2) Obtained domains were then mapped to GO terms Pacific Symposium on Biocomputing 2018
through InterPro [36] . We compared and visualized GO annotations for baseline and treated specific isoforms using WEGO [37] .
Estimates of information volume of splicing events
To estimate the cumulative information loss of averaging all distinct transcripts (i.e. ignoring splicing) in a given experiment, it is straightforward to remove the correction due to locus length in Eq. (3) and sum up the sample-median loci entropies across loci to obtain a naive upper limit estimate of order kilobit. Simply summing Eq. (3) across all genomic loci instead reduces this by an order of magnitude to 100 , and any co-splicing will also obviously reduce this estimate by reducing the number of independent splicing events. In the present work we see strong evidence of coherent splicing patterns but cannot estimate co-splicing with this number of samples. By comparison, however, gene expression states are often well approximated by a threestate system ( ~ 1.09 ) and we verify that this is the case of our data as well across samples.
Thus, a naive upper limit estimate is such that !"#$%$&' ∼ 10 ! !"#$!%%&'( . In the absence of a significant co-splicing effect this implies that splicing dynamics contain significantly more information than expression dynamics from the point of view of bulk RNA-seq.
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